ABSTRACT Nowadays, aerodynamic shape optimization of the hypersonic vehicle is mostly optimized for local details such as the wing. In the overall shape optimization, the conceptual design of the vehicle is more common, in which the shape is described in fewer parameters and optimized roughly. Meanwhile, in the optimization, the capacity is considered only by the volumetric ratio, and it can hardly meet the actual payload size constraints, which is difficult to apply to engineer practice. In this paper, a rapid aerodynamic shape optimization method with payload size constraints is proposed. The analytic method combined with a clamped cubic spline curve is used to establish the parametric model with the payload size constraints. In order to ensure the accuracy and improve the optimization efficiency, the aerodynamic characteristics of the vehicle are quickly obtained based on the adaptive Cartesian grid generation method and viscosity modified Euler equations. The lift-to-drag ratio is used as the objective, and a sequence iteration method with multi-point selecting strategy is adopted to make convergence faster. In order to compare and verify the effectiveness of the proposed method, the optimal solution is compared with a reference shape obtained through a conventional multi-objective aerodynamic shape optimization with lift-to-drag ratio and the volumetric ratio as objectives. Through comparative analysis, the method proposed in this paper can find the optimal shape that satisfies the payload size constraints quickly, which can effectively improve the aerodynamic performance of the hypersonic vehicle and can be better applied to practical engineering optimization problems.
I. INTRODUCTION
With the maturity of related technical fields, hypersonic vehicles have received extensive attention and research as aerospace vehicles and fast-attack weapons, and a series of representative hypersonic vehicles or key projects have emerged. These include the US hypersonic flight tester SR-72 [1] , the experimental spacecraft project (XS-1) [2] , a twostage aerospace vehicle based on the SABRE engine [3] , and a tactical-range High-Speed Strike Weapon project (HSSW) consists of Tactical Boost-Glide (TBG) programme and Hypersonic Air-breathing Weapon Concept (HAWC) [4] and the ''Hypersonic International Flight Research and Experiment'' (HIFiRE) [5] project in cooperation with the United States and Australia. Through these projects, both industry and academia have accumulated a lot of experience in the The associate editor coordinating the review of this manuscript and approving it for publication was Chaoyong Li. design of hypersonic vehicles. Sziroczak and Smith [6] gave a detailed overview of the design of hypersonic vehicles, illustrating the aerodynamics, propulsion systems and structures under high-speed flow are three key technical issues that need attention, and the aerodynamic performance and operational stability characteristics in hypersonic environments are the most important factors affecting and determining the success of vehicle design.
Due to the special flow field characteristics and the harsh thermal environment in the hypersonic environment, the conventional configurations like wing-body combined vehicle is difficult to maintain efficient aerodynamic performance. In recent years, a series of advanced configurations such as blended wing body [7] , lifting body [8] and waverider [9] have emerged in both academia and industry. Advanced configurations with excellent aerodynamic performance, should not only have good lift-to-drag characteristics, excellent stability characteristics, but also meet the actual needs of engineering applications in terms of heat protection, volume, structure and so on. This also puts higher demands on the design of the aerodynamic shape of the hypersonic vehicle.
With the development of optimization methods and computational fluid dynamics technology, research on aerodynamic shape optimization methods for hypersonic vehicle has received more and more attention. Ma et al. [10] adopted the three-dimensional Class-Shape-Transformation (CST) method and the Reynolds average equation to deal with modelling and aerodynamic analysis, a surrogate based optimization method combined with multiobjective optimization evolutionary algorithm based on decomposition (MOEA/D) was used to optimize aerodynamic shape of the hypersonic lifting body vehicle with the lift-to-drag ratio and volumetric ratio as the optimization objective functions. In order to describe the complex shape with as few parameters as possible, Liu et al. [11] used the 3D multi-block CST method to establish a parametric model of hypersonic quasiwaverider. The lift-to-drag ratio of multi points are optimized by multi-objective optimization method with volume and lift as constraints, hypersonic engineering methods (HEM) was used to estimate aerodynamic characteristics, the results show the application potential of 3D multi-block CST method in the design of hypersonic vehicle. Deng et al. [12] used the quadratic curve method to establish a parametric model of HTV-2 type configuration. After parameter sensitivity analysis, Navier-Stokes (N-S) equations were solved based on ANSYS Fluent, aerodynamic shape optimization method based on surrogate optimization was established and wind tunnel verification test was carried out, the test result proves the effectiveness of the optimization method. Li et al. [13] proposed a surrogate based aerodynamic shape optimization method based on active subspace method, which can improve the optimization efficiency and save optimization time in high-dimensional design space. Based on the analytical method and the spline method, Lobbia [14] generated a parametric model with wave-ride characteristics and performed multi-objective optimization. Viviani et al. [15] adopted Free Form Deformation (FFD) method to deal with the multidisciplinary design and optimization of the reentry aerospace vehicle, considering the aerodynamic and thermal protection of typical working conditions on the reentry trajectory, the aerodynamic performance calculation was based on the panel method, the optimization yields an aerodynamic shape that meets the conceptual design requirements. Shen et al. [16] also used the FFD method to design the shape of the EXPERT reentry vehicle. Based on the panel method and Multi-Island Genetic Algorithm, the aerodynamic shape with better lift-to-drag ratio was obtained. In the research of many scholars, different parametric methods have been applied to the aerodynamic shape optimization of hypersonic vehicle. Lee et al. [17] compared the advantages and disadvantages of the B-spline curve control method and the free-form deformation method for aerodynamic shape optimization, the results show that the B-spline curve control method is more suitable for optimizing a simple shape such as a wing, FFD method is more suitable for complex shapes, such as unconventional configurations like flying wings. Recently, Zhang et al. [18] reviewed the parametric method of aerodynamic shape design, the three-dimensional parametric method including FFD method and method developed from the two-dimensional parametric method, most of them are only used in the conceptual design stage, it is concluded that the current research on three-dimensional parametric methods is still very limited and difficult to use in engineering practice.
It can be seen from the above analysis that the aerodynamic shape optimization for hypersonic vehicle is still a hotspot in current research. At present, most of the aerodynamic shape optimization are based on parametric method using the FFD method or the three-dimensional CST method developed from two-dimension, the former may use more parameters for refine optimization, the three-dimensional CST is more about the conceptual design of the overall configuration and specific longitudinal sections; and in terms of aerodynamic analysis, conventional aerodynamic engineering estimation methods are highly efficient but have poor precision, and are more used for conceptual design, however, computational fluid dynamic (CFD) method based on the N-S equations greatly reduces the efficiency of optimization. These methods are difficult to achieve a balance between accuracy and efficiency. At the same time, most optimizations use volumetric ratio or volume as optimization objective or constraints, not only increasing the number of optimization objective functions, reducing the optimization speed, but also without considering the specific size of the payload, it is difficult to apply to engineering practice.
Therefore, for the aerodynamic shape optimization of hypersonic vehicle, based on the lifting body vehicle, a rapid optimization method based on the parametric model considering the payload size constraints is established. The analytic method combined with clamped cubic spline curve is used to describe the parametric model and deal with the payload size constraints along the longitudinal control sections. At the same time, based on the combination of adaptive Cartesian grid generation method and Euler equations, the characteristics of the external flow field of the vehicle is calculated through CFD method, and the viscous aerodynamic characteristics are obtained through viscouscorrection method. A sequence iterative method with multipoint selecting strategy combining the Kriging surrogate model and the MOEA/D optimization algorithm is used to further improve the optimization efficiency and achieve rapid optimization of the aerodynamic shape. The rest of the paper is organized as follows: The second section introduces the parametric method considering the payload size constraints correction; In the third section, the rapid aerodynamic calculation method based on adaptive Cartesian grid generation and viscosity modified Euler equations is introduced and its accuracy is verified by a typical example with wind tunnel test; The fourth section introduces the optimization problem and the optimization process, at the same time, in order to compare and analyze the effectiveness of the proposed method, the two-step multi-objective optimization method of Ma in the literature is introduced, and the corresponding optimization problem with the volumetric ratio and the lift-to-drag ratio as the optimization objective functions is established; The Kriging surrogate model and MOEA/D optimization algorithm used in the paper are introduced in the fifth section; In the last section, the optimization results of the optimization problems in the paper are analyzed in detail, and some useful conclusions are obtained, and suggestions for future research are put forward.
II. GEOMETRY PARAMETERIZATION
In the aerodynamic shape optimization of hypersonic vehicle for engineering applications, the volumetric ratio is often used as the objective function or constraint in the optimization process. The lifting body volumetric ratio is generally calculated by Equation (1).
where S p is the projected area of the lifting body from top view, and V is the volume of the lifting body. It can be seen from Equation (1) that the volumetric ratio can indicate the loading performance of the vehicle to a certain extent. However, this rough processing method does not clearly meet the specific size requirements of the payload. If the volumetric ratio is optimized, the resulting shape may have a relatively large volume, but the spatial topology may not meet the specific size constraints of the payload. At the same time, as introduced in the previous section, FFD method is currently more widely used in three-dimensional shape optimization, but the design space is small and more suitable for refine optimization. However, the three-dimensional CST and B-spline curve methods obtained from two-dimension are still in the concept exploration, which is difficult to be used in engineering practice. If the two methods are combined, the three-dimensional CST parametric method is used for preliminary optimization, and then the FFD parametric method is used for refine optimization, the whole optimization time is difficult to estimate. In order to solve the above problems, the analytic method combined with clamped cubic spline curve is used to deal with the payload size constraints along the longitudinal control sections and establish the parametric model of the lifting body vehicle.
In practical engineering applications, in order to make the vehicle more versatile, for more convenient launch or loading, usually the outline size is limited. Therefore, the parametric model established in this paper limits the total length and total width of the vehicle, represented by L and W respectively. At the same time, for the sake of simplification, the radius of the nose cone of the vehicle R and the radius of the leading edge R F are fixed. R and R F can be optimize for further consideration in the next step with thermal protection as optimization objectives. The top view is shown in Fig.1 . The shape of the vehicle is controlled by two longitudinal control sections, including a transition section and a bottom section, where the transition section can move along the longitudinal axis, the distance between the transition section and the tip of the nose cone is L 1 , the number of the control sections could be added as required. In order to increase the projected area, the front edge of the vehicle is constructed by a non-uniform rational B-spline, which is controlled by the curve adjustment parameter T .
Usually the parametric method of computer aided design software uses tangent arc or a spline to represent the curve of the longitudinal control section, and then get the shape of the vehicle through the multi-section entity. However, the design space represented by the arc tangent method is limited, while the spline method is likely to have negative curvature and concave surface with a larger change of the control points. As shown in Fig.2 , if no constraints set on the spline control points, when the value of the third control point from left changes from 0.4 to 0.8, the entire spline line changes drastically, which may cause the model generation to fail. If constraints are set on some of the control points like both ends of the spline, and the range of parametric model control points is reduced, like a control section of the vehicle illustrated in Fig.3 , the control point with an abscissa value of 0.78 (marked with a square) is chosen to move from 0.8 to 0.95 along the ordinate-axis. In Fig.3(b) , the corresponding spline shows a large fluctuation, and a concave surface will be produced when generate the multi-section entity. On the other hand, in design aided software like CATIA, when add constraints to VOLUME 7, 2019 the spline, such as tangent constraint and distance constraint, may cause over-constrained situation, resulting in failure of shape generation. Therefore, the clamped cubic spline curve is adopted to model the curve in control section, the curve equation is obtained by the coordinates and slope of the endpoints and the coordinates of selected control points. The spline is described through multiple points to ensure the smoothness of the curve. It avoids the situation when extra constraints are set on control points or sharp changes in the shape of spline, which will cause shape generation to be unsuccessful.
In general, for function f , the expression defining the cubic spline interpolation S which is defined at the point with a relationship of x 0 < x 1 < · · · < x n and satisfying S (x 0 ) = f (x 0 ) and S (x n ) = f (x n ) is as shown in Equation (2) , and the specific procedures for calculating S are as follows [19] .
Step 4. Set l 0 = 2h 0 ; µ 0 = 0.5; z 0 = α 0 /l 0 .
Step 5.
The control section changes the shape of the windward and leeward curves by moving up and down the control points, using the above-mentioned clamped cubic spline curve method to solve the upper and lower surface curves of the vehicle, as Equation (2) . Substituting a plurality of points fixed by the abscissa into the solved equation to determine a smooth spline curve, which avoids various problems that may arise in directly generating splines in CAD software. The transition section is shown in Fig.4 , and the section is symmetrical along the longitudinal direction, so only one side control points are described both windward and leeward in the figure. For the sake of simplicity, the leading edge radius R F is fixed, as well as the tangency angles between the leading edge and the curves on windward or leeward sides, denotes by θ 1 up ,θ 1 down . Where the height of the section is H 1 , the width of the section is W 1 , the leeward curve is controlled by the start and end points and the other two control points, the control points are fixed along the horizontal axis, and the height of the two control points are h spllee1A and h spllee1B , the coordinates of the control points only change longitudinally. Since the windward surface directly faces the high-speed flow, any slight changes of the surface will have a significant impact on the surface pressure, furthermore, the influence on the lift-to-drag ratio of the vehicle is significant. Therefore, in the parametric model, in each section the windward curve is controlled by five points including start and end points. The height of the three control points on the curve with fixed abscissa values is h splwind1A , h splwind1B and h splwind1C as shown in Fig.4 . The distance from the center of the leading edge of the control section to the bottom of the section is the height of the leading edge h up1 . Meanwhile, in order to ensure that the obtained vehicle shape can be effectively used in engineering practice, the windward and leeward curves of control sections are constrained in combination with the specific size constraints of the payload. Assuming that the payload cross section is elliptical, the payload size and position are determined by the length of the long and short axes a, b, and the height between the center of the ellipse and the windward surface bottom h p , as shown by the dashed line in Figure 4 . Taking the symmetry point of the windward surface as the origin of coordinate system, the elliptical section of the payload indicated by the dash line can be expressed by Equation (3).
After solving the curve equation by the clamped cubic spline curve method, multiple points with fixed abscissa values are applying to Equation (3) , if the result of the equation is greater than 1, the generated curve satisfies the payload size constraints, if the result of the equation is less than or equal to 1, the payload is tangent or intersected with the windward or leeward curves, and the resulting shape cannot satisfy the payload constraints. Assuming that the coordinates of the point on the curve is (x spl, y spl ), it can be judged by Equation (4) .
For the model to be judged and modified, substituting the points on the spline into Equation (4) for determination, if the payload size constraints are not met, then determine the control point on the spline that have a significant influence on the points with fixed abscissa values that do not meet the constraints. After adjusting a unit distance of the spline control point along the direction that meets the size constraints trend, resolving the spline curve Equation (2) and make a judgment as Equation (4), do the cyclic process until the payload size constraints are met. The unit distance can be determined according to the longitudinal height of the spline curve and the optimization accuracy requirement. The payload size constraints judgment and adjustment process is as shown in Fig.5 below. Through the parametric modeling method described above, the number of control sections can be selected in combination with actual requirement, and then the parameters of the total length, width and the longitudinal control sections can be combined with the payload size constraints to obtain a shape that can be used for practical engineering applications. In this paper, the research object selects two control sections including the bottom section. A total of 17 parameters are needed to describe the shape. Under the condition of defining the total length and total width of the vehicle, the vehicle has a large design space, which is convenient for optimization. The 17 parameters required for the parametric method are shown in Table 1 .
III. AERODYNAMIC ANALYSIS METHOD
In the engineering optimization of hypersonic vehicles, the engineering estimation method is generally used to calculate the aerodynamic forces. However, the accuracy obtained by Newtonian theory, tangent-wedge /tangent-cone method or shock-wave and expansion-wave method [20, 21] is not high, and it can only reflect the aerodynamic performance changes caused by the rough change of the shape, which is difficult to meet the high precision aerodynamic shape optimization requirements. If the aerodynamic analysis is performed by solving the Reynolds-averaged N-S equations, it takes a lot of time on a high-performance computer, the calculation of one working condition takes more than ten hours.
In order to ensure the accuracy of aerodynamic analysis and improve the optimization efficiency, this paper generates a Cartesian grid from the parametric shape, and then uses the three-dimensional compressible and non-viscous Euler equations to do the inviscid aerodynamic calculation, combined with the viscosity correction method, the inviscid aerodynamic force calculated by Euler equations is corrected to obtain high-precision viscous aerodynamic force. And the reliability of the aerodynamic analysis method is verified by comparing with wind tunnel test.
In the calculation of high-precision computational fluid dynamics, it is usually necessary to discretize the entire flow field space, and the discretization is generally realized by mesh division. However, for a large number of shapes, the generation of both the structural grid and the unstructured grid will take a lot of time, which seriously affects the implementation of the optimization process. In order to ensure the accuracy of aerodynamic analysis and improve the efficiency of optimization, in this paper, adaptive Cartesian grid generation method is adopted to achieve fast grid generation. The cut-cell method is used to process the cutting cells of different shapes produced by the intersection of the Cartesian grid and the object surface. At the same time, the three-dimensional compressible and non-viscous Euler equations are solved to obtain the aerodynamic characteristics. Since the viscosity is neglected, the efficiency is greatly improved compared with the solution of the N-S equations. The three-dimensional compressible non-viscous Euler equations can be expressed as follow [22] .
Among them, W = ρ ρu ρv ρw ρe T is a conservative variable, ρ is fluid density, u,v and w are absolute velocity components in three directions for the Cartesian coordinate system, e is the total energy of the unit, F (W ) is convective flux. Spatial discretization of Euler equations using upwind finite volume method, time discretization and advancement is performed using the Runge-Kuta method. During the Cartesian mesh generation and the process of solving Euler equations, due to the unconventional configuration of the hypersonic vehicle and the high Reynolds number conditions, the calculation result may be diverged. Therefore, when the calculation is finished, the result is judged. If the calculation result converges, the aerodynamic force and the torque are written into the file for storage and the next calculation is performed. If the calculation is divergent, unable to get the result, then the Euler equations are solved again by adjusting the Cartesian grid generation parameters or the flow field solution input file.
In the adjustment phase, the calculation environment can be adjusted by adjusting the minimum grid cell size or the Courant number. The increase can speed up the convergence, but it is easy to diverge. With a decrease, the calculation speed is slow, but the calculation is more robust and easier to converge. In this paper, if the calculation result is not a number (NaN), the calculation result is divergent, first consider adjusting the Courant number for recalculation. If the Courant number is less than 0.1, the calculation is performed by adjusting the minimum grid cell size. Similarly, if the preset iteration step is not reached, however the calculation is aborted in advance, it can be judged by reading the number of bytes of the aerodynamic file obtained during the iteration. If the number of bytes is significantly smaller than other calculation results, it indicates that the calculation is aborted in advance, and the calculation does not converge, then the input parameter adjustment can also be performed by method mentioned above and then calculation can be performed again.
In this paper, based on the CFD result, the viscous drag coefficient is calculated based on the boundary layer theory and the component shape factor correction method as introduced in reference [23] .
In order to verify the reliability of the rapid aerodynamic analysis method in hypersonic environment, the analysis method is applied on a hypersonic slender body with a large number of wind tunnel test data [24] . The test model is shown in Fig.6 below, specific shape parameters and wind tunnel test data can be found in literature. The lift-to-drag ratio and pitching moment coefficient calculated by the aerodynamic analysis method change with the angle of attack and the wind tunnel test data are shown in Fig.7 . It can be seen from Fig.7 that after the viscosity correction, the lift-to-drag ratio calculated in this paper has the same trend as the wind tunnel test data. At the same time, the data agrees well in the small angle of attack range, when the angle of attack is greater than 5 • , the lift-to-drag ratio (L/D) obtained is slightly smaller than the experimental data and the pitching moment coefficient is slightly larger than the test data, but both have the same trend as the test data. Therefore, within a certain angle of attack, the rapid aerodynamic analysis method given in this paper has a high degree of credibility and can be used for further optimization research.
IV. AERODYNAMIC SHAPE OPTIMIZATION OF HYPERSONIC VEHICLE A. OPTIMIZATION PROBLEM
The aerodynamic shape design of hypersonic vehicles is highly complex and generally requires consideration of multiple aspects, including range, heat protection, volume and stability. Among them, the volume of the vehicle is a factor that must be considered, volume is usually expressed in terms of volumetric ratio, as Equation (1) . In the usual optimization problem, multi-objective optimization is generally performed with the lift-to-drag ratio and the volumetric ratio as objectives. However, the volumetric ratio can only reflect the relationship between the volume and the projected area, and does not necessarily satisfy the payload size constraints. The parametric method proposed in this paper can adjust the shape according to the payload size constraints at the initial stage of shape generation, it can better meet the payload size constraints, making the optimization results more practical, while reducing the optimization goals and improving the optimization efficiency.
Therefore, the optimization problem of this paper is based on the parametric modeling method considering the payload size constraints, with the lift-to-drag ratio as a single objective, which is represented by optimization problem 1. At the same time, for comparison, a conventional parametric modeling method is used to optimize the multi-objective problem with the lift-to-drag ratio and the volumetric ratio as the objectives, represented by optimization problem 2.
The typical hypersonic vehicle flight trajectory is a gliding trajectory [25] , it is designed based on the concept of maximum lift-to-drag ratio. The angle of attack changes little, and even in the majority of glide time, the angle of attack remains unchanged. The inflow conditions of the optimization problem in this paper is with a flight altitude of 30 km, angle of attack is 6 • , and the Mach number is 8.
B. OBJECTIVE FUNCTIONS AND VARIABLES
In Section IV.A, this paper determines the single-objective optimization problem 1 considering only the lift-to-drag ratio and the multi-objective optimization problem 2 for different parametric models to optimize the shape of the hypersonic vehicle. The identified optimization objectives include liftto-drag ratio and volumetric ratio.
The design variable selection of the optimization problem is determined according to the parametric model, specific parameters are defined as Table 1 . The range of variable is mostly set by experience based on the shape, and special constraints on different variables are considered according to demand. In the parametric model in this paper, in order to avoid a large negative curvature on the windward side, it is necessary to specifically determine the range of the windward surface control points. The longitudinal control section of the parametric model is shown in Fig.4 . On the lower surface curve, the shape of the windward surface is controlled mainly by the middle three points, namely h splwind1A , h splwind1B and h splwind1C . Therefore, in order to avoid the generation of large negative curvature, intuitively, it means that h splwind1A is less than h splwind1B and less than h splwind1C . In this paper, the range of the value of three design variables is defined based on the relative positions of the three points. The two ends of the windward surface spline curve are the vertical symmetrical point of the vehicle (with a coordinates of (0, 0)) and the tangent point to the leading edge of the vehicle. Firstly, the variation range of h splwind1A is determined according to the vertical symmetrical point, and then the variation range of h splwind1C is determined based on the height of leading edge h up1 . Finally, the variation range of h splwind1B is determined based on h splwind1A and h splwind1C .
The total length of the vehicle L is 3000mm and the total width W is 820mm. The payload in this paper is taken as an elliptical cylinder, in which the front end of the payload is attached to the transition control section, the total length of the payload is 1050mm, and the payload has a gap of 10mm with the bottom of the vehicle. The horizontal axis of the elliptical section is a long semi-axle with 180mm long, and the short semi-axis is 160mm long. The range of the variables are shown in Table 2 , the unit of the length variables in the table is mm. Based on the middle of the ranges determined, the baseline shape with payload is shown in Fig.8 .
In summary, the single-objective optimization problem 1 and the multi-objective optimization problem 2 studied in this paper can be expressed as:
C. OPTIMIZATION PROCESS For the single-objective optimization problem 1, the multipoint add-point sequence iterative method combining the Kriging surrogate model and the MOEA/D optimization algorithm is used to find the optimal value. First, the initial set of sample points is generated by the Latin hypercube sampling method, the parametric model considering the payload size constraints in Section II is used to correct the sample points set and generate the corresponding shapes, then the aerodynamic characteristics is calculated by the aerodynamic analysis method proposed in Section III. The Kriging surrogate model is established by using the objective function value obtained by the aerodynamic analysis, and the local search term and the global search term of the expected improvement (EI) are optimized based on the multi-objective optimization method, multiple candidate points on the Pareto Frontier (PF) are obtained, and EI values are calculated. If the maximum EI value satisfies the convergence criterion, the optimization ends, and the optimal solution of the optimization problem is obtained. Otherwise, a point selection strategy is used to select a certain sample points based on the candidate points, and aerodynamic analysis is applied to the points selected. Add the values of selected points to the initial sample points set, establish the Kriging surrogate model and perform the next round of optimization until the convergence criterion is met. The flowchart of the optimization process is shown in Fig.9 below.
For the multi-objective optimization problem 2, due to the large amount of aerodynamic analysis required in the optimization process, in order to further improve the optimization efficiency, the MOEA/D multi-objective optimization method based on the surrogate model is adopted. Through the initial sampling generates the initial sample points set, a parametric model without payload size constraints judgment is used to generate the corresponding shapes, and then aerodynamic analysis is performed. A two-step add-point strategy is used in this optimization problem.
Firstly, establish surrogate models for the lift-to-drag ratio and volumetric ratio separately, then the global optimization is carried out to search for points to improve the accuracy of the surrogate model through a sequences iterative optimization method with a multi-point add-point strategy based on MOEA/D, as put forward in previous. After the global precision is satisfied, the surrogate model obtained through the global optimization is used to perform local optimization on PF. With the lift-to-drag ratio and volumetric ratio as the objectives, based on the surrogate models, MOEA/D is used to optimize the two objectives to obtain a rough PF. On the PF obtained, local optimization is performed to improve PF accuracy. Based on the selection criteria, the aerodynamic analysis is performed at the selected points on the frontier and the volumetric ratio is calculated, and the estimated values obtained by the surrogate models at the selected points are used to judge the accuracy of the model. If the convergence criterion is satisfied, the optimization ends, otherwise the selected points is added to the sampling set to establish the surrogate model to continue the local optimization until the convergence criterion is satisfied. The optimization process of optimization problem 2 is shown in Fig.10 .
V. OPTIMIZATION METHOD BASED ON SURROGATE MODELING
In the optimization process of the paper, Kriging surrogate model and MOEA/D multi-objective optimization method are mainly used due to the time-consuming of aerodynamic analysis. The surrogate model technology and the MOEA/D multi-objective optimization method are briefly introduced below.
A. KRIGING METHOD
Because the Kriging surrogate model can not only give the predicted values of the sample points, but also give the prediction variance of the predicted points, the variance information can be used to perform sequences iterative optimization, which is widely used in aerodynamic shape optimization design [26] - [28] . The relationship between the Kriging model function value and the independent variable can be approximated by the following equation.
In Equation (8), f (x) is a regression model, which is a global deterministic approximation given by the function based on the design space. Generally, there are constant regression models, first-order regression models, and secondorder regression models. ε (x) is a Gaussian random process error, which represents the part of the function that deviates from the global approximation, which has the following statistical characteristics.
where σ 2 is the process variance, R θ, x i , x j is the correlation model with parameter θ . Generally, there are various VOLUME 7, 2019 forms such as Gaussian model, exponential model, spherical model and spline model. After selecting the appropriate correlation model, the correlation matrix between the sample points can be obtained by combining the information of sample points.
The correlation matrix between the point to be predicted x and the sample points is
Also based on the selected regression model, the regression vector matrix of the sample points can be determined as
Based on the unbiased estimation hypothesis and the minimum prediction variance, the value of the point to be predicted can be solved as Equation (13) .
Y is calculated from the regression vector matrix, correlation matrix and sample points values.
The variance of the point to be predicted is obtained by maximizing the sample point likelihood function:
Of which, (12) and (13), the function value and variance of the point to be predicted can be quickly calculated.
It can be seen from the above equations that the choice of regression model and correlation model has great influence on the establishment of Kriging model, different regression models and correlation models have different performance for surrogate models in different situations. Therefore, in order to verify the influence of the regression model and the correlation model selection on the accuracy of the surrogate model for the lift-to-drag ratio proposed in this paper, based on the same initial sampling method, 200 points are selected as the initial sample points set, with the aerodynamic analysis method, the accuracy of the surrogate model is verified.
The accuracy verification of the surrogate model is mainly obtained by comparing and analyzing the predicted and actual values of the points. In the case that the real value takes a long time to get, the accuracy of the surrogate model is generally verified based on the existing sample points to improve the computational efficiency, which is generally called the cross-validation method [29] , [30] .
The cross-validation method randomly divides the existing sample points set into m subsets, uses the real values of any m − 1 subsets to establish a surrogate model, and uses the established surrogate model to predict the sample points of the remaining subset, and compare the predicted value with the actual value. In this paper, the accuracy is verified mainly by the maximum error e max , the average error e mean and the standard residual error (SE), the calculation equations of e mean and SE are as follows,
In this paper, the cross-validation method is used to check the sample points one by one. In each cross-validation, one point is selected from the sample points set as the point to be predicted, and the remaining 199 points are used to establish the surrogate model to predict the selected point, then the predicted value is compared with the true value. Firstly, the first-order regression model is selected, and the surrogate model is established based on different correlation models. The expression of different correlation models are shown in Table 3 [31] , in the expression, d ij = x i − x j . The results of cross-validation one by one are shown in Table 4 below.
TABLE 3. Expression of correlation models.
Spline correlation model is as shown in Equation (17),
From the perspective of e max and e mean , different correlation models have little effect on surrogate model accuracy. In comparison, the exponential model, the Gaussian model and the generalized exponential model are slightly less accurate, since the three correlation models have the same type of expression, and the trend of the correlation function value with distance is shown in Fig.11 below. Compared with the linear correlation model and the spline correlation model, under the same parameters, the correlation function value obtained at the point closer to the sample point is lower, that is, the predicted points of the three models mentioned above are less correlated with the values of the same distance points. It can be seen from Fig.11 , when the distance is small, the value of the model functions in the second row is significantly smaller than the first row. In the highdimensional sample space, sample points distribution is relatively sparse, and the prediction of the selected point value should consider the sample points with close spatial distance. Therefore, the model with lower correlation function value is relatively incompatible with the problem studied in this paper, and any other optimization problem with high dimensional design space. Similarly, from the correlation models expression in Table 3 and Fig.11 , it can be seen that in the linear model and the spline model, the correlation function value with a large spatial distance is 0, and the cubic model and the spherical model are also the same, the rest of the models are infinitely close to zero as the spatial distance increases. It can be seen from the accuracy verification results in Table 4 that in the high-dimensional sample space, the model with a large spatial distance correlation function value of 0 has higher precision. Based on the above analysis, the spline model is used to establish the Kriging surrogate model and do further analysis.
In Equation (8), the regression model f (x) consists of a linear combination of p given functions. In the DACE toolbox, there are constant regression model, first-order regression model and second-order regression model. Three regression models can be used to construct the Kriging model, the values of p are 1, n+1 and (n + 1) (n + 2) /2 respectively. The Kriging model is constructed using different regression models based on the sample points, and the error data obtained are shown in Table 5 below. It can be seen from the table that e max and e mean of the surrogate model obtained by selecting the first-order regression model are significantly smaller than the constant regression model and the second-order regression model, which are more suitable for the problems studied in this paper. Therefore, in this study, the first-order regression model and the spline correlation model are selected to establish the Kriging surrogate model. The standard residuals obtained by cross-validation one-by-one based on the initial sample points are shown in Fig.12 below. Assuming that aerodynamic characteristics analysis, as time-consuming functions, conforms to the normal distribution characteristics in the statistics, the confidence interval with the forecast confidence of 99.7% of the Kriging model is established as ŷ (x) − 3s (x) ,ŷ (x) + 3s (x) [29] . That is, when most of the SE values are within the range of [−3, 3] , it can be known from Equation (16) that the accuracy of the surrogate model can be considered to meet the requirements. In Fig.12 , most of the points are in the interval of [−3, 3] , and the constructed surrogate model can reflect the general trend of the time-consuming function. The method of constructing the surrogate model selected can meet the optimization requirements of this paper.
B. MULTIOBJECTIVE EVOLUTIONARY ALGORITHM
The multi-objective evolution algorithm based on decomposition (MOEA/D) is used to solve the optimization problems in this paper. It uses the decomposition method to decompose the multi-objective optimization problem into multiple VOLUME 7, 2019 single-objective optimization subproblems, and simultaneously solves the single-objective optimization subproblems obtained by the decomposition [32] . In the process of solving the single-objective optimization subproblem, the optimization efficiency is improved by using the information of its adjacent subproblems, and each subproblem realizes evolution in a cooperative manner.
In this paper, using the Tchebycheff decomposition method to decompose the original multi-objective optimization problem F (x) = (f 1 (x) , . . . , f m (x)) into N single-objective optimization subproblems, λ 1 , λ 2 , . . . , λ N are weight vectors distributed uniformly, z * is the current global optimal value, then the j-th single-object optimization subproblem can be expressed as
In the equation,
After the decomposition, the N single-objective optimization subproblems are optimized at the same time.
Since g te is continuous with λ, the optimal value of g te is also close at λ i and λ j close enough, so the value of g te in a certain range around λ j contributes to the optimization of g te at λ i . The neighbors of the weight vector λ j is defined as a set of weight vectors λ 1 j , . . . , λ T j with the smallest Euclidean distance from λ j , and the neighbors of the j-th single-objective optimization subproblem include the subproblems corresponding to the T weight vectors in neighbors, and the current solution of the neighbor subproblem is used to solve Equation (18) , then the optimal solution of the j-th subproblem can be obtained.
In each evolutionary generation, the algorithm consists of three steps: initialization, update, and stopping criteria.
The algorithm generally includes three steps such as initialization, updating, and stopping in each generation.
Step 1) Initialization:
Step 1.1) Set the number of evolution iterations t max , the number of subproblems N , the weight vector λ 1 , . . . , λ N , and the number of neighbor vectors T .
Step 1.2) Compute the Euclidean distances between any two weight vectors and then work out the T closest weight vectors to each weight vector.
Step 1.3) Generate an initial population x 1 , . . . , x N randomly or by a problem-specific method.
T by a problemspecific method.
Step 2) updating: For i = 1, . . . , N , do the following steps,
Step 2.1) Reproduction: Randomly select two indexes k, l from neighboring vectors, and then generate a new solution y from x k and x l by using genetic operators.
Step 2.2) Improvement: Apply a problem-specific repair/improvement heuristic on y to produce y .
Step 2.3) Update of z: For each j = 1, . . . , m, if z j < f j (y ), then set z j = f j y .
Step 2.4) Update of neighboring solutions: For each vector with index j in neighbor vectors, if g te y λ j , z ≤ g te x j λ j , z , then set x j = y and FV j = F y .
Step 3) stopping criteria:
If the termination condition is met, the iteration ends and the optimize result is output; if the termination condition is not satisfied, continue the iterative calculation and transfer to step 2.1.
More detail of MOEA/D can be found in reference [32] , and the time complexity analysis of MOEA/D can be found in reference [33] .
For the optimization problem 1 and optimization problem 2 defined in Section IV.A, MOEA/D is mainly used for single-objective sequences iterative optimization and surrogate-based multi-objective optimization.
In single-objective sequences iterative optimization, after the surrogate model is established based on the initial sample points, then an improved maximized EI method [34] is used to perform sequence iteration optimization, the expression of EI is as in Equation (19) .
In the equation above, f min is the optimal value based on the existing surrogate model,f (x) and s (x) are the predicted value and prediction equation, and φ are the probability distribution function and the probability density function, respectively.
In Equation (19) , the EI value consists of two items, the first of which reflects the ability of local exploitation, while the second represents the ability of global exploration. Therefore, in the sequence iteration process of optimization problem 1, these two items are used as optimization objectives, and MOEA/D is used for multi-objective optimization to obtain PF and find candidate points for add-point process. After satisfying the convergence criterion, the sequence iteration process is terminated or continue to iterate based on the maximized EI add-point method, as shown in Fig.9 . The same method is also used in optimization problem 2, in the single objective sequence iteration process in establishing the surrogate models for the lift-to-drag ratio and the volumetric ratio satisfying the global convergence criterion respectively, as the upper half of the flowchart shown in Fig.10 .
In optimization problem 2, a two-step add-point multiobjective optimization based on surrogate model is adopted. Based on the surrogate models satisfying global convergence criteria obtained by sequence iterative method, multiobjective optimization based on MOEA/D is carried out with the lift-to-drag ratio and volumetric ratio as objectives. The two target PF of the lift-to-drag ratio and volumetric ratio can be obtained. By selecting points on the PF and then do the aerodynamic analysis and calculate the true volumetric ratio, combining with the surrogate predicted values, the local convergence criterion is judged. If the local convergence criterion is satisfied, the optimization is stopped, and the PF and Pareto Set (PS) satisfying the accuracy requirement are obtained, if not, the newly selected sample points are added to the sample points set, the surrogate models are established again and the multi-objective optimization is continued. The process of local refine optimization is shown in the lower half of the flowchart of Fig.10 .
VI. OPTIMIZATION RESULT
Based on the optimization process given in Fig.9 , the baseline shape determined in Section IV.B is optimized. In the sequence iteration process, three sample points are added for each iteration step based on the add-point criterion. The addpoint process is as shown in Figure 13 below, the red line in the figure is the lift-to-drag ratio of the baseline shape. In the figure, the first 200 sample points are the initial sample points set obtained by the sampling method, the last 150 points are optimized by the sequence iterative method, and the add-point iteration run for 50 steps. In the whole optimization process, the aerodynamic analysis code has been running for 350 times in total. It can be seen from the figure that the optimization tends to converge after about 20 steps of iteration. Since a multi-point selection method is adopted in the iterative optimization process, both global optimization and local optimization are considered, so in the process of add-point, not only the points near the existing extremum, but also the area with large uncertainty in the design space are added, which is reflected in the figure the points where the lift-to-drag are relatively low during the add-point process. At the same time, it can be seen from the trend of add-point process that in the optimization problem 1 set in this paper, the setting of the convergence criterion is slightly harsh, after the point approach the maximum value, the optimization continues to run until the number of steps reach the preset maximum number of steps. Therefore, the convergence criterion can be appropriately relaxed, the optimization efficiency is improved, and the optimization time is shortened. Based on the above optimization process, the lift-to-drag ratio of the optimum shape and the baseline shape is shown in Table 6 . As can be seen from the table, the lift-to-drag ratio is increased by about 28% compared to the baseline shape with the payload size constraints satisfied.
The optimum shape and the baseline shape are compared as shown in Fig.14 . The orange part is the baseline shape and the gray part is the optimum shape. As can be seen from the top view, after optimization, the transition section of the vehicle is moving backwards, the back shift of the transition section combines with the change of the curve adjustment parameter T to make the leading edge of the first cone sharper. From the front view, the overall height of the vehicle has been reduced. Compared with the baseline shape, the nose cone and the leading edge of the first cone move upwards, making the entire first cone part heads up more obviously, and the height of the leading edge from the transition section to the bottom is basically the same. Benefit from the upward movement of the leading edge of the first cone, the curve of the windward surface changes more obviously, which is more fit to the payload size constraints. From the side view, the change in the shape of the optimum shape at the transition section position, height and the height of the leading edge can be more clearly seen.
In order to further analyze the aerodynamic characteristics of the optimum shape, based on the commercial software ANSYS Fluent, the three-dimensional N-S equations are solved under the design condition (Ma = 8, AoA = 6 • , H = 30km) for the baseline shape and the optimum shape. Since the calculation condition in this paper have high Reynolds number characteristics, the flow field around the vehicle is turbulent and there is almost no transition layer. Therefore, the SST k-ω model is adopted to simulate the turbulent flow field. The calculation uses the AUSM format to discretize the flux, the second-order upwind style is used to discretize the convection term and the viscous term, and the LU implicit method is used to discretize the time step. The Mach number distribution of flow field symmetry plane is shown in Fig.15 , and the surface pressure distribution of the vehicle is shown in Fig.16 .
It can be seen from Fig.15 that a significant bow shock is generated at the nose cone of the vehicle, which causes the surface pressure of the vehicle to increase sharply, thereby increasing the air resistance of the vehicle. At the same time, it can be seen in the baseline shape Mach number distribution figure that there is also a local high pressure zone generated at the leeward surface after the transition section, which causes the increase of the air resistance to affect the aerodynamic performance of the vehicle. After optimization, the increase of the height of the nose cone and first cone leading edge causes the wave resistance at the first cone to be significantly reduced, and the height of the transition section is reduced, so that the high pressure area of the leeward surface is also weakened, and the air resistance on leeward is significantly reduced.
It can be seen from Fig.16 that after optimization, the surface pressure distribution of the vehicle changes significantly compared to the baseline shape. It can be seen from the pressure distribution on the windward side that the range of the high pressure zone at the leading edge of the vehicle is significantly reduced to a small area near the nose cone, due to the modification of the curve adjustment parameter of leading edge. The reduction of the leading edge high pressure zone effectively reduces the frictional resistance at the leading edge of the vehicle. In addition, through the adjustment of the leading edge curve, the height of the leading edge and the curve of the windward surface at the transition section, the surface pressure of the windward side of the vehicle is increased, and the lift of the vehicle is improved under the flight conditions of a positive angle of attack. It can be seen from the leeward side pressure distribution, due to the elevation of the first cone and the reduction in the height of the transition section, the bow shock generated at the tip of nose cone is further away from the leeward surface, so that the surface pressure of the leeward side is significantly reduced, resulting in a reduction of the wave resistance of the vehicle, which is also consistent with the analysis conclusions in Fig.15 .
In order to verify the practicability of the modeling and optimization method proposed above, a multi-objective optimization problem with the lift-to-drag ratio and volumetric ratio as objectives is put forward for comparison, which is the optimization problem 2 mentioned in Section IV.A. Optimization problem 2 is solved by a surrogate based optimization method with MOEA/D, and the parametric model is the model used in optimization problem 1 without the modification of payload size constraints. The specific optimization process is shown in Fig.10 .
After establishing the surrogate models for the lift-todrag ratio and the volumetric ratio based on the 200 initial sampling points, in the global optimization stage, each round new points are added based on the add-point strategy of the two surrogate models and the global convergence criterion is checked. After a total of 11 iterations, the surrogate models satisfy the global convergence criterion. The average error of the lift-to-drag ratio surrogate model is 1.44%, and the average error of the volumetric surrogate model is 0.18%. Cross validation is applied to the surrogate models satisfying the global convergence criterion, the relationship between the truth value of the objective function and the surrogate model predicted value is shown in Fig.17 .
In Fig.17(a) , after the add-point process of the global optimization stage, in the lift-to-drag ratio surrogate model, the predicted value -true value points are basically distributed on the diagonal line, which has a good linear correlation. Sample points with large deviations are not at the forefront of optimization. At the same time, the points in the figure has almost no distribution in the range of 4 to 4.2 of true value, but is densely distributed in the range of 4.2 to 4.6. This is determined by the optimization add-point criterion. The point-adding trend is always added in the possible area where the lift-to-drag ratio is the largest. In this figure, there is a tendency for sample points to be dense. In Fig.17(b) , the plotted volumetric ratio surrogate model cross-validation results have a better linear correlation than the lift-to-drag ratio, which has the same tendency in the average error predicted by the two surrogate models above. The difference in accuracy between the two surrogate models is due to the fact that the lift-to-drag ratio is derived from the time-consuming function (aerodynamic analysis), and there is a certain error in itself, and the calculation of the volumetric ratio is calculated by Equation (1), which accuracy is higher, so the established surrogate model is also more accurate.
Based on the surrogate models obtained from global optimization stage, MOEA/D is used for multi-objective optimization with the lift-to-drag ratio and volumetric ratio as objective functions. On the obtained PF, the accuracy verification and the sequence iterative optimization are performed with an add-point criterion based on minimum distance of the initial sample points and uniform selection of PF. After two rounds of iteration, the local convergence criterion is satisfied and the optimization ends. The average error of the lift-to-drag ratio calculated at the selected points on PF of first round is 2.95%. The selected points are then added to the sample point set to re-establish the surrogate models and continue optimization, the second round of PF is obtained. In the second round of verification, the average error of the lift-to-drag ratio of the selected points on PF is 0.88%. The PF obtained in the optimization process is shown in Figure 18 , the second round of PF is obtained after a local optimization based on the PF based on the first round. It can be seen that the two rounds frontier agree well in the part with the lift-todrag ratio greater than 4.5, and there is a large error in partial area less than 4.5. The above phenomenon mainly due to the add-point strategy of the global optimization focused on the maximum lift-to-drag ratio, which is related to the presence of a certain vacuum area with the initial sample points, as shown in Fig.17(a) . The two ends of PF in Fig.18 correspond to the single objective extremum with the largest volumetric ratio and the maximum lift-to-drag ratio, and the function values are almost the same as the extremum obtained in global optimization stage as in Fig.17 . It can be seen that in the whole two-step optimization process of optimization problem 2, the global optimization stage mainly determines the range of the entire PF firstly, and then the precision of PF is improved in the second step of local optimization. The form to improve the efficiency of the entire optimization. The efficiency of the entire optimization is improved in a step-bystep manner.
It can be seen from Figure 18 that if the lift-to-drag ratio is not considered, the maximum volume ratio of the shape can be obtained based on the parametric model variable design space is about 0.295, and the corresponding shape is represented by shape A. Similarly, if the volumetric ratio is not considered, the maximum lift-to-drag ratio of the shape can be obtained is about 4.7, so that the corresponding shape is shape C. In order to further compare with the optimization result in optimization problem 1, on PF, the shape with the same lift-to-drag ratio as the optimal solution (shape O) of the optimization problem 1 is selected as shape B. The values of the design variables of the three typical shapes are normalized and plotted as shown in Fig.19 . As the isometric view of the three typical shapes described in Figure 18 and the design variable values in Fig.19 , in order to increase the volumetric ratio of the vehicle, in shape A, the windward surface of the vehicle approximates a circular arc, and the leeward surface is close to a triangle, which is respectively connected with the leading edge, and the height of the control sections is also as large as possible. In shape C with the largest lift-to-drag ratio, the opposite trend is presented. The windward and leeward curves are close to the axial direction, and the height tends to be extremely small. In addition, the curve of the leading edge of the vehicle also changes to increase the lift. From the variation of each variable, it is verified that the lift-to-drag ratio and the volumetric ratio are two contradictory objectives. Some design variables are sensitive to one objective and not sensitive to another, such as the transition section position and the curve adjustment parameter of the leading edge. According to PF in Fig.18 , the lift-to-drag ratio of shape B is almost equivalent to shape O, which is about 4.3, and the volumetric ratio is about 0.26. Similarly, the volumetric ratio of shape O calculated based on Equation (1) is 0.2364, if the search is performed on PF based on the equivalent volumetric ratio, the maximum lift-to-drag ratio that can be obtained is about 4.62, which is much higher than the lift-todrag ratio of shape O in Table 5 . It can be seen that in the optimization process of shape O, in order to satisfy the size constraints of the payload (in this specific problem, an elliptical cylinder), the lift-to-drag ratio of the vehicle is somewhat reduced.
The payload loading of shape O and shape B are as shown in Fig.20 and 21 , respectively. As can be seen from Fig.20 , since the payload size constraints is considered in the optimization process, shape O can well satisfy the size constraints of the specific payload. Under the condition of satisfying the payload envelope, both the windward side and the leeward side are attached to the payload shape, which effectively improves the utilization of the volume. It can be seen from the isometric view that the shape of the tail of the vehicle is similar to the shape of the payload, which is determined by the combination of the transition section and the bottom section of the parametric model. On the basis of determining the shape and size of the payload, by increasing the number of control sections, the design details can be enriched, and better optimized design results can be obtained while ensuring that the payload constraints are satisfied. In Fig.21 , shape B does not satisfy the payload size constraints. In the transition section, the windward surface leeward curve does not enclose the elliptical section of the payload, and the tail shape of the vehicle tends to be flat, which can effectively increase the volumetric ratio. Although the volumetric ratio of shape B is larger than shape O, it is not an effective volume for a specific payload. In practical applications, the payload shape and size constraints are different. The simple volumetric ratio cannot meet the requirements of refine aerodynamic shape design. If PF based on the volumetric ratio and the lift-to-drag ratio is used to screen the obtained shapes one by one, finding the shapes that satisfy the payload size constraints, it is not only inefficient, but also difficult to obtain an optimal solution within the design space.
In order to further compare with the optimal solution (shape O) of optimization problem 1, based on the commercial software ANSYS Fluent, the three-dimensional N-S equations are solved for shape B under the same calculation condition and settings with previous. The Mach number distribution of flow field symmetry plane and the surface pressure distribution of the vehicle is shown in Fig. 22 and 23 .
Although the lift-to-drag ratio calculated based on shape O and shape B at the same condition is the same, it can be seen from the Mach number distribution of Fig.22 and 15 that the means for increasing the lift and decreasing the air resistance are different. The height of the transition section of shape B is lower, so that the shock wave of the leeward surface of shape B is weaker and the drag is smaller, and shape O has a higher transition section in order to ensure that the payload size constraints are satisfied, and the wave resistance of the leeward side is increased. From the comparison between the surface pressure distribution of shape B in Fig.23 and shape O in Fig.16 , it can be seen that the transition section of shape B is further rearward to the nose cone, the windward surface pressure is larger than shape O, and the unit area can provide a larger lift for the vehicle. But from the change in the leading edge curve, it can be seen that shape O has a larger windward surface area. Although the change of the leading edge curve may increase the drag at the leading edge, the increasing of the lift area can also improve the lift of the vehicle, and the superiority of shape O shows that the leading edge curve adjust parameter finds a better trade-off between lift and air resistance during the optimization process. On the leeward pressure distribution, since shape B does not consider the payload size constraints, the height of the control sections can be further lowered during the optimization process, so that the VOLUME 7, 2019 leeward pressure is lower than shape O and the air resistance is smaller.
It can be seen from the above analysis that the design space of the existing parametric model has the characteristics of high dimension and wide range, and can approach the extremum point with the optimal performance from multiple directions. If the multi-objective optimization is based on the lift-to-drag ratio and the volumetric ratio, it is difficult to meet the payload size constraints in practical engineering applications. If the shape is selected one by one based on the optimization result, not only inefficient but also difficult to find the optimal solution to satisfy the payload size constraints. The examples in this section also demonstrate that the rapid aerodynamic shape optimization method with payload size constraints can quickly converge to the optimal solution for practical engineering applications.
VII. CONCLUSION
In order to obtain a high lift-to-drag ratio aerodynamic shape that meets practical engineering applications, a rapid aerodynamic shape optimization method based on a parametric model considering payload size constraints is established. In the establishment of parametric model, the method of clamped cubic spline curve is combined with analytic method to adjust the model to satisfy the payload size constraints. Based on the adaptive Cartesian grid generation method and viscosity modified Euler equations, the lift-to-drag ratio of the vehicle is obtained. A multi-point add-point sequence iterative method combining the Kriging surrogate model and the MOEA/D optimization algorithm is used to realize the rapid optimization of the aerodynamic shape.
In order to compare and analyze the effectiveness of the method proposed in this paper, a multi-objective optimization method based on Kriging surrogate model and MOEA/D is also put forward. With the lift-to-drag ratio and volumetric ratio as objectives, the multi-objective optimization is carried out by using a parametric model that does not consider the payload size constraints. In order to improve the optimization efficiency, a two-step add-point method is adopted in the optimization process to quickly obtain the Pareto Frontier that meets the accuracy requirements.
Through the analysis of the optimization results, the rapid aerodynamic shape optimization method with payload size constraints established in this paper can quickly converge to the optimal solution. Compared with the baseline shape, the optimal shape O obtained under the premise of satisfying the payload size constraints has a lift-to-drag ratio improved by 28%. Similarly, the multi-objective optimization method based on the Kriging surrogate model can also quickly obtain the Pareto Frontier, shape B has the same lift-to-drag ratio with shape O on PF is selected. Through the comparative analysis of payload loading and flow field analysis, it can be seen that the large volumetric ratio is not necessarily the effective volume, and it is difficult to be used in practical engineering applications for specific payload size constraints. The rapid aerodynamic shape optimization method based on payload size constraints in this paper can quickly converge to meet the optimal solution of practical engineering applications, effectively improving the optimization efficiency and applicability.
For further research, more detailed description of the payload shape could be considered, in turn, according to the actual payload size constraints, more control sections could be added to enrich the shape details. At the same time, considering the multi-objective optimization method based on Kriging surrogate model in the paper, combined with objective functions of other aspects such as stability, heat protection characteristics, in order to better solve the practical engineering optimization problem.
